ABSTRACT
INTRODUCTION
The levator ani muscles provide support for the pelvic organs. During vaginal delivery, trauma to these muscles will occur in one-fifth to one-third of women 1, 2 . This trauma weakens pelvic floor support and may cause problems such as pelvic organ prolapse and urinary incontinence 3, 4 . During delivery, the part of the levator ani muscle that surrounds the urogenital hiatus, the puborectalis muscle (PRM), has to stretch to more than twice its original length and may therefore sustain damage 5, 6 . It is not well understood why some women experience pelvic floor problems after delivery while others do not. Some studies suggest that it might be due to changes in muscle structure that occur during pregnancy, prior to delivery [7] [8] [9] . It is to be expected that these changes will be reflected in muscle functionality. Recently, in studies that used three-and four-dimensional (3D/4D)
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ultrasound imaging to visualize the PRM, new informative parameters of the PRM were obtained; for example, hiatal dimensions 10, 11 , mean echogenicity of the PRM (MEP) 9, 12, 13 and strain 14 . Hiatal dimensions and strain are related to, and provide insight into the functionality of, the PRM. Early pregnancy MEP has been shown to be related to mode of delivery 13 .
However, in these studies parameters of the PRM were obtained manually, which is time-consuming, hindering their introduction into clinical practice. Sindhwani et al. 15 proposed a method to automate the measurement of hiatal dimensions. However, these are static two-dimensional (2D) measurements, not exploiting the full potential of 3D/4D ultrasound. Therefore, the aim of this work was to develop an automatic segmentation method for the PRM in 3D transperineal ultrasound images.
Active appearance models (AAMs), which require manually annotated training data, have proved to be reliable in automatically segmenting structures in 3D ultrasound (e.g. the left ventricle 16 ). As 3D segmentation of the PRM on 3D ultrasound is, to the best of our knowledge, as yet unexplored, we present a manual 3D segmentation protocol for the PRM on 3D transperineal ultrasound. We assessed its reproducibility and used it to generate training data for an AAM. The performance of the fully automatic AAM was then analyzed by comparing it with manual segmentation.
METHODS

Data
The data for this study were obtained from a dataset acquired by van Veelen et al. 17 that consists of 3D/4D transperineal ultrasound data of the pelvic floor from 280 nulliparous women with a singleton pregnancy who were scanned at multiple time points pre-and postpartum. In the current study we focused on scans acquired at 12 weeks' gestation. The acquisition was performed using a GE Voluson 730 Expert system (GE Medical Systems, Zipf, Austria), equipped with a RAB 4-8-MHz curved-array volume transducer. The settings of the system were kept constant to minimize variation across acquisitions, since the main aim of this study was to investigate the MEP. The acquisition started with the PRM at rest, and then the women were asked to contract their PRM fully and, afterwards, to perform a Valsalva maneuver, which results in a stretched PRM.
A dataset of 63 videoclips was selected randomly from the original dataset. While selecting, videoclips were checked by an observer for the following inclusion criteria: the PRM is contained entirely in the field of view; the symphysis is in the field of view to allow measurement of the minimal hiatal dimensions; and image quality is sufficient. Owing to the consistent ultrasound settings, some images had poor contrast, insufficient for 3D delineation of the PRM. For the quality criterion, two observers had to agree on whether image quality was sufficient for inclusion.
Thirteen videoclips did not meet all the criteria and were discarded. Of these, five did not fully capture the PRM in 3D, five did not capture the symphysis and three were of poor image quality, thus 50 videoclips were included in the study. From each of these, one frame in which the PRM was at rest was selected. A randomly selected subset of data from 20 subjects was used to analyze the manual segmentations.
The ultrasound clips were converted to DICOM in 4D View 9.0 (GE Medical Systems). In-house developed software, based on MeVisLab 2.6.2 (MeVis Medical Solutions, Bremen, Germany) 18 , was used for selecting the frame with the PRM at rest, manual segmentation using splines, AAM training and AAM matching.
3D segmentation protocol
The 3D segmentation protocol is an extension of an existing validated protocol for 2D segmentation 11, 12 . To ensure optimal visibility of the PRM, the protocol starts with rotating to the slice with minimal hiatal dimensions (SMHD) (Figure 1c ) 10 , which allows browsing through the tomographic ultrasound images 19 . 2D segmentation of the PRM in the SMHD has been presented previously 12 , and is shown in Figure 1c . In slices close to the SMHD, the segmented shape of the PRM is the same as in the SMHD; however, the segmented shape changes in slices further away. Caudal from the SMHD, the segmented shape of the PRM is detached visually from the symphysis, as shown in Figure 1b . The distance between the segmented area and the symphysis will increase further, moving to the caudal limit of the PRM. This caudal limit ( Figure 1a ) is found by using the midsagittal plane (Figure 1f) , in which the distinction between the PRM and the external sphincter is much clearer than in the axial view.
Cranial from the SMHD, the posterior part of the PRM will disappear (Figure 1d ). So from here, the PRM needs to be segmented as two separate parts. It is hard to determine the cranial boundary of the PRM. However, Singh et al. 20 showed that there is sharp angulation between the PRM and the iliococcygeus muscle. Therefore, the last cranial slice is the one before the PRM becomes indistinguishable from its surroundings or before the areas that appear to be part of the PRM start moving outwards (Figure 1e ).
Active appearance model
AAMs model the typical variation in shape and texture of an object presented in training data 21 . When the manual PRM data are used to train the model, it learns the natural variability in appearance of the PRM in 3D transperineal ultrasound data. In new data (not present in the training set), this model can be used to predict the position of the PRM. We used the AAM implementation described by van Stralen et al. 16 , with the leave-one-out method to train and match (finding the PRM) the AAMs, to avoid training bias in their evaluation. This means that we created 50 AAMs, using 49 manually segmented ultrasound images for the training of one AAM and the last ultrasound image for matching. Therefore, we could optimally use the manual segmentation data, both for training and as ground truth to analyze the performance of automatic segmentation.
Validation
To validate the manual segmentation protocol, a randomly selected subset of 20 subjects had their ultrasound PRM segmented by a second observer as well as by the first observer for a second time more than a month later. This allowed for analysis of inter-and intraobserver performance. The performances of manual and automated segmentation were compared. Statistical analysis was performed using SPSS v. 23 (SPSS Inc., Chicago, IL, USA) and Excel 2011 (Microsoft Office, Microsoft Corp., Redmond, WA, USA). Means, SDs and intraclass correlation coefficients (ICCs) with their 95% CIs were used to compare MEP and volume acquired by observers and computer. ICC results were classified according to the subgroups defined by Landis and Koch 22 . Although volume and MEP measurements are relevant parameters with which to analyze the performance of manual and automatic segmentation, good agreement of these does not necessarily mean good agreement in the positions of two segmentations. Therefore, we used MeVisLab to calculate three other parameters that better reflect agreement between segmentations; these were mean absolute distance (MAD), Hausdorff distance and Dice coefficient (D). The absolute distance is the minimum distance from one point on the segmentation to a point on the surface of the other segmentation; an example is given in Figure 2 . MAD is the mean of all absolute distance measurements between two segmentations, showing on average how far apart from each other the two surfaces are. The Hausdorff distance is the maximum absolute 
RESULTS
The resulting volume of a manual segmentation is shown in Figure 3 . In Table 1 , mean (SD) and ICCs for MEP and volume for automatic vs manual segmentations, and inter-and intraobserver manual segmentations, are presented. ICCs for comparison of automatic and manual segmentations for MEP and volume were, respectively, very good and good. Inter-and intraobserver ICCs for manual segmentation showed very good agreement for both volume and MEP. In Figure 4 , D, MAD and Hausdorff distance are presented in box-and-whisker plots. The parameters that determine the distance between two segmentations, Hausdorff distance and MAD, correspond to only a few voxels mismatch. The D-values are moderate. For automatic segmentation, five mismatches were identified based on high MAD and/or low D; these appear as outliers in Figure 4 . These subjects were not included in the ICC analysis in Table 1 , since measuring MEP and volume is relevant only when automatic segmentation is successful. Hausdorff distance, MAD and D show that automatic segmentation is comparable with manual segmentation if the mismatches are ignored. Table 1 Mean echogenicity (MEP) and volume of transperineal ultrasound three-dimensional segmentation of puborectalis muscle performed manually (by observer) vs automatically (by computer), manually by two independent observers and manually twice by same observer ≥ 1 month apart, with corresponding intraclass correlation coefficients (ICCs)
MEP (a.u.) ICC (95% CI) Volume (mL) ICC (95% CI)
Segmentation In Figure 5 , the mean of all manual segmentations is visualized, showing average absolute distance between the manual segmentations and 45 successful automatic ones. This shows which areas are the most complicated in segmentation. These areas are the cranial and caudal limits of the PRM. Also, the site of attachment to the symphysis was found to have a high distance between manual and automatic segmentations.
DISCUSSION
To measure 3D and 4D clinical parameters of the PRM on transperineal 3D/4D ultrasound, automatic segmentation of the PRM is needed. In this study, we present a reproducible manual segmentation protocol. AAMs trained using segmentations obtained using this protocol provided promising results for automatic segmentation, with results comparable with those of manual segmentation.
Since this is the first attempt at manual segmentation of the PRM on 3D ultrasound, the results can be compared only with segmentation results of magnetic resonance imaging or cadaver studies. The segmentation results of the PRM obtained in such studies 5, [23] [24] [25] [26] [27] show very similar shapes to the those obtained in the current study, an example of which is shown in Figure 3 . However, some of these studies 5, 24, 26 show that there is a thin layer of muscle fibers from other pelvic floor muscles running at the hiatal side of the PRM. These fibers are also seen in endovaginal ultrasound studies 28, 29 . However, using endovaginal ultrasound, one is able to scan at higher frequencies to visualize the PRM, since it lies closer to the probe. On transperineal ultrasound, this layer of muscle fiber cannot be distinguished from the PRM. This does not influence the performance of automatic segmentation, but it may be of influence if this manual segmentation protocol is used for functional investigation of the PRM.
The main reason for the AAM mismatches is feces in the rectum, in which case the PRM appears darker and the feces white and the algorithm therefore segments the feces instead of the PRM. However, in 13 of the 50 images, of which only four resulted in a mismatch using the algorithm, feces can be clearly seen in the rectum. The last mismatch case was of a PRM that appeared very dark compared with others in the training dataset. It is probable that these problems will be solved with more training data.
Hausdorff distances and MADs are comparable with the data presented by Sindhwani et al. 15 on 2D segmentation of the urogenital hiatus. The 3D-MEP ICCs are comparable with the results for 2D MEP found by Grob et al. 12 . The D-coefficient, however, is much lower than the values reported for 2D segmentation of the urogenital hiatus 15 . The first explanation for this can be found, on comparison of the 2D and 3D cases, by approximating the volume of the PRM as a cylinder (V = πr 2 h) and the area of the longitudinal cross-section cylinder plane as A = 2rh, where r is radius and h is length. This shows that a mismatch in r has a larger influence on volume than on area. The second explanation is the shape of the PRM. As it is a very long and thin structure, a small shift has a much larger impact on the overlap than, for example, in the case of a spherical structure (or a 2D circle approximating the hiatus).
The strength of this study is that it provides for the first time reliable manual and automatic 3D segmentations of the PRM. This allows for measurements of MEP and volume as clinical parameters, and might be a starting point for further functional analysis. The segmentation method is based on methods that have already been proved to be reliable in 2D [10] [11] [12] . Since the data were obtained using a relatively old ultrasound system, even better results may be expected from data obtained using newer systems. The data were acquired using the same settings in order to measure reliably the MEP; this may have caused suboptimal image quality in certain individual cases. The application of automated 3D segmentation automates the measurement of MEP, a clinically valuable parameter 13 . Using the full potential of the 3D/4D nature of the data, automating the measurements in 3D will likely improve reproducibility and sensitivity, as has been shown for quantitative analyses in other domains (e.g. 2D vs 3D functional parameters in cardiac imaging 30 ). Moreover, more complicated parameters, like volume, shape and function of the PRM, are now open to investigation.
Anatomical validation of our manual segmentation protocol is ongoing and further research, e.g. a cadaver study, may help us to improve the segmentation 102 van den Noort et al.
protocol. Both automatic and manual segmentations were performed on data from subjects with an intact pelvic floor (nulliparous and at 12 weeks' gestation). The described method may perform suboptimally for data of patients with PRM trauma, since their data will have a different appearance and are not presented in the training data. The segmentation protocol may need to be updated and the training dataset of the AAM expanded with patient data. Currently, it is not possible to determine automatically if automatic segmentation was successful, e.g. for quality assurance, without the use of manual segmentation. However, in clinical practice, the physician can be the one to determine the success of automatic segmentation.
In conclusion, this study presents a reliable manual segmentation protocol for the PRM on transperineal 3D/4D ultrasound of an intact pelvic floor. Furthermore, it presents automatic segmentation of the PRM based on these data, which has results comparable with those of manual segmentation; it also allows for reliable measurement of MEP. Further studies using this method may improve our understanding of the structure and (dys)-function of the PRM.
